Abstract: Lighting energy consumption is the major source of energy consumption in the United States. As a result, various behavioral models that have arisen from field studies may provide the predicting personal action of artificial lighting. This paper introduces a new methodology for analyzing and predicting artificial lighting switching patterns in workplaces within institutional buildings. The methodology is based on a hierarchical fuzzy expert system approach that begins by evaluating the various factors' performance through a set of three factors that are environmental, physical, and users' attitudes. The fuzzy expert system is utilized to determine the weight for each factor and to aggregate all of the previous factors into one single crisp output. Finally, fuzzy logic technique is applied, which allows the aggregation of all previous indicators into one lighting performance scale that depicts the personal action of the lighting switching patterns. This study investigates the occupants' preference factors of daylighting intensity in the workplace as occupants' presence and behavior in buildings as well as environmental and physical factors have a large impact on electric lighting usage. The data is collected using a questionnaire from occupants of different institutional buildings. In all, the developed research/model will help architects and practitioners design efficient workplace daylighting and reduce artificial lighting energy use.
INTRODUCTION
The building sector accounts for thirty to forty percent of global energy usage and is responsible for contributing to risks of global warming. In the US, buildings are considered one of the major energy consumers. During the buildings' operating stage, more than eighty percent of energy is used. More specifically, residential and commercial buildings in the US are responsible for forty-two percent of the National U.S. energy consumption (United Nations Environment Programme 2007). In commercial buildings, most of the energy consumption is attributed to lighting (25%), followed by space heating and cooling (25%) and ventilation (7%), as shown in Figure 1 (United Nations Environment Programme 2008; Guo et al. 2010; Ihm et al. 2009 ).
The significant role of building professionals and architects is to maintain the visual comfort of occupants and to reduce electric lighting energy consumption as well. One study investigates the effect of lighting consumption on energy consumption from the point of view of occupants' behavior in office buildings and switching patterns, along with outside conditions. The study shows that almost forty percent of energy conservation can be attained if occupants depend on daylighting rather than artificial lighting (Bourgeois et al. 2006) . Therefore, the scope of the present study is to investigate the factors that affect occupants' preferences of daylighting intensity in institutional buildings and to develop a framework for predicting manual electric lighting behavior.
Figure 1. Lighting energy consumption share in US buildings
Knowledge-based systems are identified as systems that can process knowledge. The expert system is considered one of the successful and popular knowledge-based systems (Fares 2008) . In addition, fuzzy logic is a tool that can be utilized to deal with qualitative and imprecision disciplines as well as humans' knowledge, which accompanies problem solving. Therefore, the *Corresponding author. Email: dsalem@purdue.edu fuzzy expert system utilizes humans' knowledge that is inexact and qualitative. In most cases, experts have to make decisions about a problem even if data is not fully available. As mentioned in (Fares and Zayed 2010) , fuzzy logic is used in expert systems because of the following reasons: (1) it summarizes the experience and knowledge of human experts; (2) fuzzy descriptors (e.g., cold, hot, good, bad, or fine which are qualitative and inexact are mainly used in the experts' knowledge's communication; (3) the user may not describe the problem exactly; (4) if the knowledge base of the experts is incomplete, reasonable decisions have to be taken; and (5) we need to make educated guesses in certain situations.
RESEARCH OBJECTIVES
The main objective of this research is to build a model to evaluate the daylighting efficiency in institutional buildings. To achieve this objective, the following sub-objectives are as follows:
1. Investigate and identify the factors that affect occupants' usage of lighting. 2. Collect data from a real workplace. 3. Determine the significant factors that mostly contribute to daylighting intensity in the workplace from the perspective of occupants. 4. Determine the factors that affect the artificial lighting use. 5. Develop a lighting efficiency scale that provides guidance to building professionals. 6. Build an expert model/framework based on these factors that evaluates the artificial lighting switching patterns associated with various users' attitudes. 7. Validate the developed model.
BACKGROUND
The nature of human behavior is quite complex; however, most simulations of building tools consider the occupants as predictable robots (Page et al. 2007 ). Building occupants' behavior might have a huge effect on building energy consumption that results in remarkable differences between the assumed and actual building energy performance. There is a critical need to develop a new model of occupants' behavior which give us a realistic prediction of the actual energy consumption. When developing such model, we should take into account the major variables which affect the users' behavior (Fabi et al. 2012) .
To reduce buildings' energy use, we can utilize two different approaches (Carrico and Riemer 2011; Dietz et al. 2009; Henryson et al. 2000) : (1) the technological approach that deals with more energy efficient building systems and equipment (2) the behavioral approach that focuses on understanding building occupant presence and behavior to measure actual energy consumption and develop best practices to encourage.
Occupants' behavior is defined as: "the result of a continuous combination of several factors crossing different disciplines" (Fabi et al. 2011) . Furthermore, external and internal factors affect occupant interactions with building control. For instance, the external factors that are related to the building science area (e.g. outdoor and indoor temperatures) can be categorized into two categories: the physical environment and the context. Furthermore, the internal drivers that concern the social science area can be defined into three categories: physiological, social, and psychological (Fabi et al. 2011) . These internal and external factors are defined as drivers, which are defined as "the reasons leading to a reaction in the building occupant and suggesting him or her to act" (Fabi et al. 2011) as shown in Figure 2 .
The occupant is the main operator of the space s/he occupies, where there are many opportunities for occupants to control the indoor environment (Fabi et al. 2011) . First, by using of set points, ventilation systems, windows and the shading system, users can directly operate the indoor environment. Second, due to the internal heat gains or energy use, occupants might affect the indoor environment indirectly. Third, the users' actions of adjusting themselves to the existing environmental conditions it seems to influence indirectly the indoor environment (Fabi et al. 2011) . However, to design efficient lighting scenarios for buildings, the occupants comfort should be considered (Linhart and Scartezzini 2011) . To achieve the visual comfort, the horizontal illuminances on the workplaces must be designed sufficiently enough, the light on the workplaces is distributed properly, and avoid the glare (Linhart and Scartezzini 2011) . The design of office rooms that have access to daylighting should differ than those relying on artificial lighting. Consequently, the electric lighting systems should be designed to lower the artificial lighting load in a simple and effective way (Linhart and Scartezzini 2011) .
Artificial lighting control schemes based on daylight adaptations are effective for energy savings (Li et al. 2016) . Previous research has considered illumination requirements in developing optimization frameworks. Such illumination requirements are illuminance distribution at the workspace plane, illuminances at the light sensors, color rendering, and other factors (Caicedo and Pandharipande 2016) . To provide natural daylighting, minimize energy use and keep occupants comfort, it is needed to develop accurate and efficient models of dynamic facade and lighting systems (Xiong and Tzempelikos 2015) .
Factors affecting performance of occupancy-based control needs to study the pattern of the occupants of a room before installing the occupancy sensors. For example, a simple timer is more appropriate if the room is constantly occupied by people without frequent breaks. While, occupancy detection is most useful for spaces where occupancy is infrequent. The most important factors affecting performance of occupancy based controls are time delay, sensitivity of sensor, and positioning and covering zone of sensors (Haq et al. 2014) .
Daylight-linked lighting controls are economically feasible due to remarkable energy savings compared with occupancy based controls (Haq et al. 2014) . Various factors affect the success of implementing the daylight-linked control systems. These factors are lack of proper study of the room or area, occupant behavior and the properties of the different control technologies. Thus, study the aspects affecting the performance of daylight-linked systems must be considered. Daylight availability to any room relies on several issues: 1) Sky condition has different effects on daylight availability and electricity savings from daylight controls. 2) Window properties have the opportunity to ensure good daylighting and can be achieved in the design phase. Orientation, area of window, and glazing type may affect daylight penetration. 3) Time of the day has a supportive effect to receive daylight into the space (Haq et al. 2014) .
Existing methods of behavioral models are based on the pre- Figure 2 . Drivers influence on occupants' behavior diction of personal actions taken to control the internal environment in response to physical conditions. In lighting control prediction models, several studies investigate the occupants' interactions with the lighting systems yet neglect the occupants' satisfaction or performance in the workplace (Bourgeois et al. 2006) ; (Galasiu and Veitch 2006) . Hunt (1980) developed a stochastic model based on field study data to predict manual lighting control. This model was based on a switch-on probability function of electric lighting and indoor illuminances to calculate the probability of switching patterns upon arrival as for intermediate switch-on events. Newsham (1994) utilized an updated framework of Hunt's model to calculate the lighting switching on patterns if the minimum illuminance level is under 150 lux either in the morning or after lunch. The model did not consider switch on events during a period of occupation. Newsham et al. (1995) developed a model called Lightswitch, a field based stochastic approach in an office building in Ottawa, Canada to predict manual lighting control based on the users' arrival, departure, and temporary absenteeism in workplaces. Reinhart (2004) developed the stochastic Lightswitch 2002 to predict dynamic personal control of electric lights and blind system. In the Lightswitch model, Reinhart categorized the building occupants as either active or passive users, which was defined an active user as "someone who actively seeks daylighting rather than relying on artificial lighting as would a passive user" (Reinhart 2004 ). Nevertheless, a number of model limitations concern seating positions, the location of controls. (Bourgeois et al. 2006) developed SHOCC (Sub-Hourly Occupancy-based Control model) that integrates the Lightswitch 2002 model within ESP-r, an energy simulation program of the whole building. Results show that nearly forty percent of energy conservation can be attained if users rely on natural lighting rather than artificial lighting. In summary, these studies confirm the major role of occupants' energy consumption characteristics that affect energy estimation modeling, justify the critical need to better understanding for these considerations in the energy prediction process.
Tools have been developed to enhance the decision support system of daylighting-linked controls. It can be deduced here that the previous studies investigated the occupants' behavior and interactions inside the workplace and furthermore how these interactions affect consumption. However, these studies seem to have overlooked the effect of lighting preferences in the workplace due to differences in environmental, physical, and policies factors of occupant performance. In this regard, this paper studied the fuzzy logic system due to the inaccuracy of the occupants' preferences of daylighting intensity.
Fuzzy logic set contains a membership value corresponding to a class of objects (Sivanandam et al. 2007 ). However, the quantities are considered to be crisp and deterministic, they carry considerable uncertainty. The variable is considered fuzzy and represented by a membership function. Fuzzification begins by converting the input data to fuzzy values using membership functions. Hence Fuzzification is performed (Elwakil 2011) .
To this effect, this study proposes that the occupants' preferences in commercial buildings regarding lighting in the workplace have a significant effect on the artificial lighting switching patterns behavior. For this reason, this research aims to use the fuzzy hierarchal model to predict the lighting energy performance of manually electric lighting in the workplace. Such results can provide a methodological tool to integrate the developed model with energy simulation modeling to predict the artificial lighting energy use. This study is not treated the use of window blinds and its associated electricity consumption; which it is focused on the effect of various factors (environmental, physical, activities, and policies) on daylighting intensity and the artificial lighting switching patterns behavior of the occupants.
RESEARCH METHODOLOGY
The proposed framework for this research consists of four main steps as illustrated in Figure 3 . It begins with a comprehensive literature review. The next step is to collect data from: 1) studying the lighting factors that affect the occupants' usage 2) developing a semi structured questionnaire to identify the occupants' daylighting preferences due to environmental, physical, users' activities, and workplace policies factors. Model information data will be used to develop a hierarchical fuzzy expert system (HFES), which will then undergo a verification process. The next step is to develop a daylighting usage scale tool to guide the architects as they select the best design for office buildings. In addition, the HFES model is utilized to assess daylighting efficiency from the users' perspective and predicts the artificial lighting switching patterns in the workplace. The last step is the conclusion and future research as shown in Figure 3 .
DATA COLLECTION
After identifying the preferred daylighting factors that may affect the occupants' performance, a questionnaire was prepared to assess the effect of these factors on occupants' performance. The data was collected using a Delphi methodology based survey on the current use of daylighting in buildings. The questionnaire was sent in an electronic form to select employees in different institutional buildings.
Sixty individuals from different institutional buildings were administered the survey. The respondents were faculty and staff who occupied office space. The questionnaire was designed to identify the factors that affect lighting intensity in the workplace. The collected data were the weights and the performance of different factors in order to be included into the proposed model. The total respondents who completed the questionnaire were thirty-seven respondents, roughly sixty-two percent of sixty prospective respondents.
SURVEY RESULTS
The proposed methodology is used to ask subjects to give an evaluation of the performance of every factor independent of the other factors as well as to ask the subjects to give a weight to each factor out of hundred. This weight reflects how each factor contributes to the daylighting intensity as collected in the weights of factors. The main outline of the developed model is illustrated in Figure 4 . Our goal is to determine the equivalent impact factor by using the weight of each factor along with its impact. To get a weight value of every factor, the model needs information related to: a) weights of factors b) performance impact of factors. We collect this information from current practices and the literature review. The questionnaire is used to collect any other information that is not available from the previous resources.
The model information is consisted of two parts as follows.
Weights of Factors
Through the questionnaire, the relative weight of every factor is collected at every hierarchy level. An example of a question could be: "How strongly does the factor contribute to the daylighting intensity? Please use a scale from 0 to 100 such that the total of all weights equals to 100". We collected this information using the questionnaire. Figure 5 shows the normalized global weights of the preferred lighting factors. Obviously, the most effective factor on the model is the window size to wall ratio which has the largest weight. Moreover, the next influenced factors are time of day and sky condition. We collected the missing information form of cause-effect or if-then rules. The answer is under the following list of fuzzy scale points: "extremely high, very high, moderately high, medium, moderately low, very low, and extremely low. Table 1 are the relative weights of the factors. We compare the local weight of every daylighting sub-factor to its group of main factor in the hierarchy level. Then, the local weight of the sub-factor is multiplied by the weight of main factor at the same group. The weights of sub-factors have been compared to those in other groups. The multiplication results are illustrated in the global weights column. Either local or global weights can be used to develop the model, because every main factor is modeled and treated independently. 
Shown in

Factors Performance Impact
Based on the current research, the performance assessment of the different factors are selected and identified from the literature review. Missing or unclear information is collected via the questionnaire. The environmental factors are: window orientation, time of day, sky condition, view out, and glare. The physical factors are window size to wall ratio and glazing color. The users' attitudes are high artificial lighting consumer HALC, medium artificial lighting consumer MALC, and low artificial lighting consumer LALC. We collect the performance assessment of the various factors in the form of if-then or cause-effect rules. The chosen answer is selected from the fuzzy list points: "Very High, Moderately High, Medium, Moderately Low, and Very Low," as shown in Table 2 through Table 5 respectively.
Environmental Factors
The environmental factors include window orientation, time of day, sky condition, view out, and glare. Shown in Table 2 through Table 5 respectively the performance assessment of the various factors. Table 6 is illustrated the performance assessment of the environmental factors.
The number of performance combined impact of the environmental factors is calculated as shown in Table 7 . To be calculated, we multiply the number of performance stages of the factors to cover all the combination possibilities.
Number of environmental rules
Physical Factors
The physical factors category includes window size and glazing color. Tables 8 and 9 show the performance of the various factors in the physical category. The performance assessment of the physical factors is shown in Table 10 .
The number of performance combined impact of the physical factors is calculated as shown in Table 11 . To be calculated, we multiply the number of performance stages of the factors to cover all the combination possibilities. The assessment of the lighting performance model is shown in Table 12 .
Number of physical rules
Users' Attitudes Factor
According to (Reinhart 2004) , who proposed the building users categorization. He categorizes the users as either active or passive daylighting users. The definition of the active user is "someone who actively seeks daylighting rather than relying on artificial lighting as would the passive user".
We combined the work of (Azar and Menassa 2011) and (Reinhart 2004) to determine the users' attitudes. According to (Azar and Menassa 2011) , occupants are divided into three categories (Low, Medium, and High energy consumers) to determine different occupants' energy use patterns. In our model, we defined the users' attitude in respect to relying more on the artificial lighting rather than seeking daylighting as a High artificial lighting consumer (HALC), followed by the Medium artificial lighting consumer (MALC) and the Low artificial lighting consumer (LALC). These are the three categories users used in the fuzzy hierarchical electric lighting manual control model. Table  13 shows the performance of the various factors from the users' attitudes category on the switching patterns of manual lighting.
Expert Knowledge Base
In this section, the factors' weights and performance are combined to be used as an expert system. Figure 6 explains the general outlines of the proposed methodology. In this methodology, we use the weight of every factor along with its impact to generate the equivalent impact of the rules. The weights of factors and the combined performance impact of the different factors are calculated by using the weighted average method.
DEVELOPMENT OF HIERARCHICAL FUZZY EXPERT SYSTEM FOR ELECTRIC LIGHTING MANUAL CONTROL MODEL
Three sub-model branches are the structure of hierarchical fuzzy model that represent the three main categories. The combination of the three sub-models in the hierarchy results in electric lighting efficiency. The crisp defuzzified numbers of the two models (environmental and physical) are combined to generate daylighting performance model. Moreover, the crisp defuzzified numbers of the three models (environmental and physical and users' attitudes) are combined to generate an electric lighting manual control model, which calculates the switch patterns of manual lighting. The three models are identical in their structure; however, they are different in the membership functions as well as in the sub factors and knowledge-based rules.
We choose the hierarchical fuzzy system to eliminate the number of whole fuzzy rules required. Otherwise, the number of performances membership functions need to be calculated to each of the ten factors to cover the whole combinations of the possible factor performance.
Lighting Performance Factors
Based on the literature and focus on institutional buildings, the occupants' preferences in institutional buildings that affect the lighting intensity in the workplaces are identified and selected from (Galasiu and Veitch 2006) , as shown in Table 14 . Based on the literature and focus on institutional buildings, the occupants' preferences in institutional buildings that affect the lighting intensity in the workplaces are identified and selected from (Galasiu and Veitch 2006) , as shown in Table 14 .
The above factors are considered in the present study, that represents the environmental, physical, and users' attitudes factors. We followed a qualitative approach, because of the factors that influence occupants' usage of lighting are hard to quantify.
Three main categories and their sub-factors are considered in this model. Environmental, physical, and users' attitudes, are the three main categories which each category includes several factors. 
Hierarchical Fuzzy Model
The structure of hierarchical fuzzy daylighting performance model consists of two sub-models that relate to the two main factors: environmental and physical factors. Electric lighting manual control model combines the results of the lighting performance model and the users' attitudes model to generate the electric lighting manual control model. The electric lighting manual control model and the lighting performance model are shown in Figures 7 and 8 . This hierarchical structure will create the electric lighting manual control model to produce a lighting performance index on a scale of 0 to 10. The users model serves as model inputs that lead to three types of users, which demonstrates the user behavior differences toward energy consumption. The fuzzy structure of the three models is identical. Whereas, they differ in the membership functions. Shown in Figures 9 and 10 the full view of electric lighting manual control model components. 
DETERMINING MEMBERSHIP FUNCTIONS AND FUZZY SETS DEFINITIONS
The membership functions have been utilized to convert the actual input data into a fuzzy number of a value in the period 0, 1. There are many forms of the membership functions; triangle, trapezoid, bell curve, Gaussian, and sigmoid functions (Fares and Zayed 2010) . However, the most common forms of shape are triangular and trapezoidal. In this paper, it is assumed that input variables are trapezoidal, bell curve and output variables are triangular fuzzy membership functions based on expert opinions. This is because of simplicity, linear interconnection in input output variables, and easiness to interpret current fuzzy model. As shown in Figure 11 , the membership functions are basically designed based on the literature review information and the questionnaire answers. Each factor has characteristics that affect the lighting performance. Therefore, the occupants' behavior in the workplace possesses characteristics in respect to the manual lighting control switch on/off, which evaluates the quantitative factors on a 0-10 scale. Five standard membership functions are assigned and builds fuzzy sets for each of the various factors as shown below.
Environmental Model
In the overall factors, we found that environmental factors (orientation, time of the day, sky condition, and glare) are more influential on the users' preferences towards daylighting than the physical factors.
In the environmental category model, time of the day contributes the main significant factor in this group. The data type that has been utilized is numerical ranges from 0 to 10, to represent the least and highest categorization, respectively. In the physical category model, the window size to wall ratio factor has the greatest impact that contributes to lighting intensity.
Fuzzy Inference
The knowledge base of the lighting performance evaluation model is developed using the indirect knowledge acquisition method. The fuzzy model uses the Mamdani fuzzy model, which is easier to understand. Moreover, Mamdani fuzzy is intuitive, has a widespread acceptance that is well suited for human input rather than Takagi-Sugeno-Kang. The Mamdani structure is based on a simple structure of Min operations as shown in Equation (2) (Fares and Zayed 2010) . (2) where R j is the j-th rule, A j i (j=1,2,...,N,i=1,2,...,n), B j are the fuzzy subsets of the inputs and outputs respectively. We can write the rules mathematically as in Equation (3) (Fares 2008) :
where Λ denotes the minimum operator, and B the consequent linguistic is standardized in the following list of five linguistic variables (Very Low, Moderately Low, Medium, Moderately High, and Very High), which is applicable to every model of the three models.
Outputs Agrregation
Aggregation is defined as "the process which fuzzy sets that represent the outputs of each rule are combined into a single fuzzy set" (Documentation 2002) . The rules are combined in order to make a decision. For each output variable, aggregation occurs once just before to the final and fifth step, defuzzification. Next step, after evaluation every rules in the knowledge base, is to aggregate the membership value of each output membership function utilizing a maximum operation as shown in Equation (4) (Fares and Zayed 2010) :
The list of truncated output functions returned by the implication process for each rule is the input of the aggregation process. The aggregation process output is one fuzzy set for each output variable. This is applicable to each model of the four models (environmental, physical, users, and lighting performance) (Sivanandam et al. 2007 ). 
Defuzzification Process
Defuzzification process has several methods that are used to convert the fuzzy sets into crisp values. Center of area is the most common defuzzification method, which has been used in this methodology. Center of area, as shown in Equation (5), determines the center of the area of the combined membership functions and then average-weights them by their areas. This method is applicable to the program and has reasonable results. It is also applicable to each model of the three models.
where TA = Truncated area, C = Centroid, n is from extremely low to extremely high.
System Validation
The validation process is an important testing used to validate the results and guarantee that the future generation of the developed models might partially replace the experts. All models are tested statistically by using clustering analysis techniques to determine whether they are efficient in predicting real world results. Using Clustering analysis technique to identify groups of individuals that are similar to each other but different from individuals in other groups can be intellectually satisfying to the validation process. Clustering analysis technique is "a multivariate method which aims to classify a sample of subjects (or objects) on the basis of a set of measured variables into a number of different groups such that similar subjects are placed in the same group" (Jain et al. 1999) . The goal of cluster analysis is to identify the actual groups. There are three clustering procedures to use, based on the number of cases and type of variables. The three clustering procedures are hierarchical clustering, k-means clustering, and two-step clustering. The appropriate process in our models is to use the hierarchical clustering due to the small size of the cases and the type of variables. The main goal of using cluster analysis is to classify the data sets into groups that are relatively homogeneous in characteristics on the basis of a defined set of variables. These groups are called clusters. SPSS offers three methods for the cluster analysis: Hierarchical Cluster, K-Means Cluster, and Two-Step Cluster. In our research, using SPSS clustering techniques is efficient in quickly grouping our data sets into clusters. This approach first performs the hierarchical method to define the number of clusters then uses the K-means cluster analysis to form the clusters. The cluster analysis has been utilized to select the best cluster solution. The outcome of the lighting performance model has been categorized into five main groups; very high, high, medium, very low, and low. To validate the model, the clustering analysis technique is used to classify the groups into homogenous group. If it classified into five main groups, then the model is robust and verified.
The hierarchical cluster analysis follows three basic steps (IBM Knowledge Center 2013):
1. Calculate the distances. The authors chose square Euclidean distance. The Euclidean distance function measures the "as-the-crow-flies" distance. The formula for this distance between a point X (X 1 , X 2 , ...) and a point Y
where d: distance between cases i and j.
2. Link the clusters. Apply Ward's methods on the principal components score. Compute sum of squared distances within clusters. Aggregate clusters with the minimum increase in the overall sum of squares.
3. Choose a solution by selecting the right number of clusters. Check the dendogram as shown in Figure 12 .
The Dendrogram shown in Figure 12 demonstrates at each stage of the analysis which clusters have been joined. Moreover, at the time of joining it shows the distance between clusters. In the three models there is a large jump in the distance between clusters from one stage to another, which clusters that are relatively close together were joined at one stage. On the other hand, at the following stage, the clusters that were joined are relatively far apart. In Figure 12 , if we draw a line to cut the Dendrogram of the lighting performance model, the optimum number of clusters is five clusters as we assumed in the equivalent impact of the environmental and physical factors impact on the lighting performance model. The Dendrogram implies that the optimum number of clusters is five clusters, which illustrates that the predicted model is more precise and generates better results, i.e. closer to real cases. Therefore, the fuzzy hierarchical expert based model is utilized to draw lighting performance in the institutional buildings.
Proposed Lighting Performance Scale
In light of the developed model, a lighting performance scale is developed to help the architects and professionals who design workplaces in institutional buildings to enhance lighting performance and therefore energy efficiency. The scale has a range numerically from 0 to 10, where 0 indicates the lowest level of daylighting intensity and 10 indicates the highest level of daylighting intensity. As shown in Figure 13 , the scale is consists of five groups that describe the lighting performance and the consequent action would be taken from the different type of users to best suit their preferences and the type of activity occurring within the place. The lighting performance scale assesses all of the factors that collaborate in the environmental, physical, and users' attitudes factors to evaluate the design space and to choose the appropriate design that leads to reduced electric lighting use and relies more on daylighting.
The model results further support that the modification of window design in the workspaces of commercial buildings is demanded to achieve daylighting efficiency. Modifications such as window size to wall ratio demonstrate substantial increments in indoor daylight availability rather than glazing color. The developed model shows that the environmental factors (orientation, time of the day, view out, glare, and sky condition) should be considered in the building design, which has the highest effect on the lighting performance followed by the physical factors (window size to wall ratio and glazing color). (Salem et al. 2015) 
CONCLUSIONS AND FUTURE RESEARCH
This research has manipulated a methodology which addresses the challenges in prioritizing the users' preferences of lighting and in considering energy efficiency in the workplaces of institutional buildings. This study presents a model to evaluate the electric lighting manual control in workplaces that accounts various factors. These factors can be summarized into environmental and physical factors which generate the daylighting evaluation model. In addition, the daylighting evaluation model is combined with users' attitudes model, which results in the electric lighting performance model. Ten sub-factors have been incorporated into the model (four environmental factors, three physical factors, and three different users' attitudes). Last, a hierarchical fuzzy expert system is utilized to develop this model, take takes into account the uncertainty of occupants' preferences and attitudes.
The model shows that environmental factors (orientation, time of the day, view out, glare, and sky condition) have the highest effect on lighting performance followed by physical factors (window size to wall ratio and glazing color). Furthermore, the "time of day" factor has the highest effect on the daylighting performance followed by the "sky condition" among the other environmental factors. In terms of the highest impact factor within the physical factors, window size to wall ratio has the greatest impact on daylighting performance rather than glazing color. By properly studying these factors, appropriate daylighting-linked tool can implemented. Such a tool can lead to potential energy savings in addition to occupants satisfaction. In addition, the model illustrates room for improvement by expanding the subjects numbers involved in the questionnaire and by integrating the blinds and thermal considerations. The developed model also provides guidance to both architects and practitioners as they choose appropriate designs for workplaces that enhance lighting performance and energy efficiency.
